If any readers of Psychiatric Annals read any psychiatric articles in any journal so that they can keep up to date and use the bestavailable evidence in their clinical practice, then the statistical papers in this issue are essential not only to read, but also to re-read, study, and master. What do these excellent statistical papers have to do with clinical psychiatric practice? They contain the tools that will allow you to critically appraise and interpret the psychiatric literature. They demystify the statistics used to generate the evidence
CME ACCREDITATION
This activity has been planned and implemented in accordance with the Essential Areas and policies of the Accreditation Council for Continuing Medical Education through the joint sponsorship of Vindico Medical Education and PSYCHIATRIC ANNALS. Vindico Medical Education is accredited by the ACCME to provide continuing medical education for physicians.
Vindico Medical Education designates this educational activity for a maximum of 3 AMA PRA Category 1 Credits™. Physicians should only claim credit commensurate with the extent of their participation in the activity.
FULL DISCLOSURE POLICY
In accordance with the Accreditation Council for Continuing Medical Education's Standards for Commercial Support, all CME providers are required to disclose to the activity audience the relevant fi nancial relationships of the planners, teachers, and authors involved in the development of CME content. An individual has a relevant fi nancial relationship if he or she has a fi nancial relationship in any amount occurring in the last 12 months with a commercial interest whose products or services are discussed in the CME activity content over which the individual has control. Relationship information appears at the beginning of each CME-accredited article in this issue.
UNLABELED AND INVESTIGATIONAL USAGE
The audience is advised that this continuing medical education activity may contain references to unlabeled uses of FDA-approved products or to products not approved by the FDA for use in the United States. The faculty members have been made aware of their obligation to disclose such usage. 
INSTRUCTIONS
1. Review the stated learning objectives of the CME articles and determine if these objectives match your individual learning needs.
2. Read the articles carefully. Do not neglect the tables and other illustrative materials, as they have been selected to enhance your knowledge and understanding.
3. The following quiz questions have been designed to provide a useful link between the CME articles in the issue and your everyday practice. Read each question, choose the correct answer, and record your answer on the CME REGISTRATION FORM at the end of the quiz. Retain a copy of your answers so that they can be compared with the correct answers should you choose to request them. 4 . Type or print your full name and address and your date of birth in the space provided on the CME REGISTRATION FORM.
5. Complete the evaluation portion of the CME REGISTRATION FORM. Forms and quizzes cannot be processed if the evaluation portion is incomplete. The evaluation portion of the CME REGISTRATION FORM will be separated from the quiz upon receipt at PSYCHIATRIC ANNALS. Your evaluation of this activity will in no way affect the scoring of your quiz.
6. Send the completed form, with your $25 payment (check, money order, or credit card information) to: VINDICO MEDICAL EDUCATION, PO Box 36, Thorofare NJ 08086. Payment should be made in US dollars drawn on a US bank.
7. Your answers will be graded, and you will be advised whether you have passed or failed. Unanswered questions will be considered incorrect. A score of at least 80% is required to pass. Upon receiving your grade, you may request quiz answers. Contact our customer service department at (856) 994-9400.
8. Be sure to mail the CME REGISTRATION FORM on or before the deadline listed. After that date, the quiz will close. Any CME REGISTRATION FORM received after the date listed will not be processed.
Indicate the total time spent on the activity (reading article and completing quiz). Forms and quizzes cannot be processed if this section is incomplete. All participants are required by the accreditation agency to attest to the time spent completing the activity.
Why Does the Randomized Clinical Trial Methodology So Often Mislead Clinical Decision Making?

Focus on Moderators and Mediators of Treatment
T o provide a foundation for our discussion on moderators and mediators of treatment effi cacy and effectiveness, we begin with a detailed discussion of the strengths and weaknesses of randomized clinical trials (RCTs).
Clinician/patient: Why are so many treatments shown to have highly statistically signifi cant effects in RCTs later shown to have so little benefi t when used for my patients/me? What's wrong with RCT methodology?
IN DEFENSE OF RCTS
What leads to such false-positive results is not a problem with RCT methodology per se. To be blunt, many studies labeled as RCTs do not follow the "rules" of RCT methodology. Analysis is done, not on those randomized to treatment ("by intention to treat"), but on those who complete treatment, or adequately comply with treatment. Control of bias (eg, "blinding") is either absent or incomplete. When the original primary outcome is not statistically signifi cant, researchers have been known to "cherry pick" among other available outcomes. All such tactics lead to false-positive results, indeed often misleading clinical decision-making; but the problem is not RCT methodology, but the lack [1] [2] [3] [4] and the current requirement to register RCTs before onset, recognize these problems and represent an effort to encourage compliance with RCT "rules" in order to provide clinicians and medical consumers greater assurance as to the credibility of their results.
However, among RCTs that are adequately designed and executed, misunderstanding of "statistical signifi cance" continues to be a problem. [5] [6] [7] [8] [9] [10] [11] All that is usually shown by a statistically signifi cant result is that some nonrandom difference was detected between the responses to the treatments compared, ie, T1 versus T2. That means that the design and sample size was large enough to detect a difference, not that the difference is of any clinical signifi cance. To judge the clinical signifi cance of a statistically signifi cant fi nding, what is needed is an informative effect size. Although CON-SORT guidelines for reporting RCTs recommend reporting an effect size with every P value, reporting effect sizes that clinicians and medical consumers can interpret is still not the norm.
For the purpose of this discussion, let us propose as such an effect size, "success rate difference" (SRD), 12, 13 defi ned as the difference between the probabilities that a subject in the T1 group has a clinically preferable response to one in the T2 group (T1 > T2) and that a subject in the T2 group has a clinically preferable response to one in the T1 group (T1 < T2), symbolically:
This effect size is zero (SRD = 0) if patients are as likely to benefi t from T1 as from T2. SRD = 1 if every single person given T1 has a clinically preferable response to every single person given T1; SRD = -1 if every single person given T2 has a clinically preferable response to every single person given T1.
In fact, the SRD in a RCT is never absolutely zero. [14] [15] [16] By the time there is rationale and justifi cation to propose a RCT to compare T1 versus T2, the chance of an absolutely zero SRD is itself zero. At the other extreme, not even the best of known treatments have SRD equal either 1 or -1. As a general guideline, SRD = + 0.1 would be considered a "small" effect, SRD = + 0.3 a "medium" effect; and SRD = + 0.5 a "large" effect, but what size effects we, as medical consumers, should get excited about might differ depending on the severity of the condition to be treated, the consequences of inadequate treatment, the vulnerability of the population, and the costs or risks of treatment, etc. For example, for a safe vaccine preventing AIDS, SRD = .01 would be an earth-shaking result.
For a cold medication, SRD = .5 might not be of any great consequence.
There are other effect sizes: Number Needed to Treat (NNT), for example, is the number of subjects you'd expect to have to treat with T1 to have one more success than if you'd treated them with T2. 13, [17] [18] [19] NNT is an effect size clinicians, policy makers, and medical consumers often prefer because it is expressed in terms of number of patients rather than probability points. But, as is true of most interpretable effect sizes, NNT is directly related to SRD: NNT equals 1/SRD. Thus "small," "medium," and "large" in NNT terms are 9, 4, and 2. On the other hand, the most commonly used effect size is Cohen's d, 20 the standardized mean difference between the two treatment group means, when outcomes have a normal distribution. Again, when d is appropriately used, d is directly related to SRD: SRD = 2 phi(d/ 2) -1, where phi() is the cumulative distribution of the standard normal distribution. Now "small," "medium," and "large" in d terms are 0.2, 0.5, 0.8.
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In short, part of the clinicians'/patients' problem with well-done RCTs is that little or no attention is paid to effect sizes and their clinical impact. Until it becomes common practice to follow CONSORT guidelines and report an interpretable effect size with every P value, and to discuss its magnitude in the appropriate medical context, misinterpretations of the clinical signifi cance of RCT fi ndings will continue.
Even among well-done RCTs that do report effect sizes, there are still problems. Many RCTs are done comparing a new active treatment (T1) with an inactive placebo (T2), even when clinicians in the community have access to old effective treatments. In such cases, T2 amounts to withholding treatment, which many researchers consider unethical. [21] [22] [23] [24] Ethical or not, T1 that is signifi cantly better than an inactive placebo may be signifi cantly worse than whatever treatments are already being used in the community.
Moreover, many RCTs impose very limiting inclusion/exclusion criteria for participation in the study. RCTs have been known to exclude 90% of those with the condition to be treated in the RCTs, focusing on the 10% most likely to best respond to T1. 25 Clearly, the result of any such RCT is likely to exaggerate the effectiveness of T2 for the 90% excluded from the study.
These problems, relating to sample selection and choice of control treatment, have been well-recognized in recent years. In so-called "effectiveness" RCTs, 26 only those in the target population who will be harmed, or known from previous studies not to be helped by T1 or T2 ("clinical equipoise") 27 are excluded. There, the choice of control group in a RCT is now often "treatment as usual," or some standard of treatment. CONSORT guidelines now require that exclusions and the reasons for exclusion be reported. Where researchers exclude many more patients with the condition than they include, the results of the study should be taken with a grain of salt before applying to general clinical decision making.
Finally, RCTs are done for a variety of purposes. Those done by pharmaceutical companies for submission to the Food and Drug Administration (FDA) often use stringent inclusion/exclusion criteria and placebo controls, focusing solely on statistical signifi cance, since that is what is required by the FDA for licensing. Such studies cannot establish the effi cacy/effectiveness of a treatment for clinical decision making in the community. Moreover, scientists often do RCTs, not to infl uence clinical decision making, but to understand the pharmacokinetics of drugs, the etiology or expression of the condition to be treated, or to resolve other such basic science questions. Such studies may have a major impact on future treatments of the condition, but should not be used to change present clinical decision-making.
Therefore, the exaggeration of effectiveness that clinicians, medical policy makers, and patients perceive in RCTs is not a problem with RCT methodology per se, but either in uses of that methodology for purposes other than infl uencing medical decision making (which may well be right and proper), or misuses of the methodology (which are not). RCT methodology seldom leads to false-positive results when used appropriately.
Clinician/patient: So you are saying that RCT methodology is perfect? That if we simply focused on the effect sizes of well-done, well-reported, relevant RCTs, we would be assured of highly effective treatments?
THE LIMITATIONS OF RCTS
Yes and no. Indeed, focusing on such RCTs, particularly on those whose results have been independently replicated, would protect well against false-positive results. RCT methodology has developed over many years by identifying weaknesses in the existing methodology and correcting them, and thus is never likely Such studies may have a major impact on future treatments of the condition ... to achieve perfection. It will continue to evolve. However, to date, most such concern has focused on avoiding falsepositive results (ie, the exaggeration of effectiveness of treatments on which your initial question focused). The asyet unsolved problems with well-done and relevant RCTs lie not with false positives but with false negatives. Currently, if clinicians, medical policy makers, and patients focused on well-done, well-reported, relevant RCTs in the research literature, what they would most likely fi nd is that effect sizes, even those that are statistically signifi cant, tend to be very small, so small that we might be led to believe that all our current treatments are ineffective. This problem stems from the fact that an effect size comparing T1 versus T2 in a RCT is an average effect over all the individual patients in the population. It is seldom, if ever, true that "one size fi ts all," that the effect size in a population, particularly a heterogeneous one, applies to every individual patient within that population.
Generally within every population, there are some patients for whom T1 is clinically signifi cantly better than T2 (T1 > T2), some for whom T1 and T2 are essentially clinically equivalent (T1 = T2), and some for whom T1 is clinically signifi cantly worse than T1 (T1 < T2). Whichever of the two nonequivalent subpopulations (T1 > T2 or T1 < T2) is predominant in the population determines which of T1 and T2 will overall appear better in that population, an effect that will be detected as "statistically signifi cant," provided the sample size is large enough. However, the existence of the other two subpopulations will always dilute the overall effect size. The information necessary to identify the subpopulations, thus to "target" T1 and T2 optimally, is contained in "moderators" of treatment effects, but moderators, until recently, have been largely ignored in RCTs.
Moreover, T1 and T2 in a RCT are defi ned by fi xed protocols, again a "one size fi ts all" approach. Traditionally, this might mean a fi xed daily dosage of a drug, or a fi xed sequence of psychotherapy sessions, the same for all patients. More recently, the protocol might be a strategic plan with some planned fl exibility for individual patients, meant to "tailor" the treatment to individual needs of patients in the population. The information needed to structure such a fl exible strategy is contained in the "mediators" of treatment. However, mediators too, until recently, have enjoyed little attention in RCT methodology.
Accordingly, issues related to moderators and mediators in RCTs are the focus of the remainder of this discussion. The terms "moderator" and "mediator" have been around for at least 50 years, but used inconsistently and often idiosyncratically by researchers, largely outside medical research. Consequently their value and importance was not recognized. In 1986, Baron and Kenny wrote a seminal paper 28 proposing specifi c conceptual defi nitions for these terms and statistical procedures for their implementation. The conceptual defi nitions proved valuable, but the implementation proved confusing. 29, 30 Around 2000, members of the MacArthur Network on Developmental Psychopathology, proposed modifi ed implementation procedures based on the Baron and Kenny conceptual definitions. [29] [30] [31] [32] [33] The following discussion is based on that so-called MacArthur Model in the context of RCTs.
We will fi rst present a general introduction to moderators and mediators, defi ning each and distinguishing between them. A brief consideration of the types of research studies that would be needed to detect (hypothesis-generating) and to establish (hypothesistesting) moderators and mediators then follows. Such studies follow standard design and analysis principles, but are often more diffi cult, costly, and time consuming than the standard RCT. For this reason there is a reluctance to invest in such studies, both by funders, reviewers and researchers. Consequently, we focus subsequent discussion on the problems involved in continuing to ignore the issues of moderators and mediators of treatments, concluding with a discussion of some of the limitations inherent in our discussion.
MODERATORS AND MEDIATIONS: DEFINITIONS
"Moderation" and "mediation" refer to certain types of associations relating three random variables in the population, a target variable (T), an outcome variable (O), and a third variable (M) that might be a moderator of T on O (M = Mo), or a mediator of T on O (M = Me). In RCTs, the target variable T is the random choice of treatment (T1 versus T2) made for each participant, and the outcome variable O is the primary outcome of treatment proposed in the "a priori" hypothesis that determines which of the two treatments is clinically preferred. (A very common error is describing a variable as a "moderator" or "mediator" without specifying the target or outcome variable.)
Moderator
A moderator of T on O is a variable that helps to identify on whom or under what conditions T has an effect on O. To show that Mo moderates the effect of T on O, it must be shown that 1) Mo precedes T which, in turn, precedes O, 2) Mo and T are independent, and 3) if the population is stratifi ed by Mo, the effect size of T on O is different in different strata. The fi rst two criteria indicate that in a RCT any baseline (pre-randomization) variable is eligible to be a moderator of treatment choice on any outcome. All that must be shown is that criterion 3) is satisfi ed.
For example, gender moderates the effect of choice of treatment (T1 versus T2), if the effect size of T on O is different for men than it is for women. Age moderates the effect of choice of treat-
Mediator
A mediator of treatment (T) on outcome (O) explains how or why T has an effect on O. To show that a variable mediates the effect of T on O, it must be shown that 1) T precedes Me, which, in turn, precedes O, 2) T and Me are associated, and 3) the effect of T on O can be explained wholly (total mediator) or in part (partial mediator) by Me. Thus in an RCT, any event or change that occurs after treatment assignment but before determination of the outcome is eligible to be a mediator. What needs to be shown is fi rst, that Me is associated with T (and thus possibly caused by choice of treatment), and then that all or part of the effect size of T on O is explained by the differential effects of T on Me.
For example, compliance with treatment is often a mediator of the effect of treatment on outcome. 35 This occurs if patients are more likely to comply with one treatment than with the other, and that at least some of the differential effect of the two treatments is associated with this difference in compliance. If this were so, one might consider improving the preferred treatment by including in its protocol some component directed to improving compliance. Even more interesting would be a situation, for example, where two drug treatments (T1 and T2) for children with ADHD, predicted differential changes in parenting behavior (Me), and that the change in symptoms proposed as the outcome measure (O) associated with treatment, is explained, at least in part, by these differential changes in parenting behavior. What such a result would suggest is that the causal mechanism by which change in symptoms in the child is induced by a treatment may be enhanced by inducing a greater change in parenting behavior.
Because of RCT structure, it is reasonable to infer that any effect of T on M is causal, and that any effect of T on O is causal, but there is no reason to infer that any effect of M on O is causal. A common error is to use the term "mediator" as a synonym for "cause," which is not necessarily true. All factors in a causal chain leading from treatment to outcome are mediators, but not all mediators are factors in that causal chain. The importance of mediators for clinical decision-making lies in the suggestion they convey about possible causal factors in such a chain.
According to these defi nitions, the same factor cannot be both a moderator and mediator of T on O, because a moderator precedes and is independent of T and a mediator follows and is associated with T. Based on the Baron and Kenny defi nitions of moderator/mediator there has been much discussion of single factors that serve both roles, and has been one of the more obvious diffi culties with their implementation. However, it is possible, for example, that a factor, such as social support at baseline, may moderate T on an outcome such as change in symptoms, and that change of social support during treatment may mediate T on the same outcome. However, social support at baseline and change in social support during treatment are distinct variables, and may not even be highly associated with each other.
MODERATORS AND MEDIATORS: DETECTION AND DOCUMENTATION
There are many different statistical methods that might be used to detect or to test for moderators and mediators, 33 but currently a linear model is still the most common and useful approach. 
Moderators and Nonspecifi c Predictors
If M is independent of T, as is required for a moderator, Whether a statistically signifi cant moderation is clinically signifi cant or not would depend on how much of the population lay in a range of values of Mo with clinically signifi cant T1 > T2, and how much in the range with clinically signifi cant T1 < T2. It is quite possible that there is a statistically significant moderation, but almost the entire population has T1 > T2. It is also quite possible that there is no overall treatment effect, because half the population has T1 ~ T2 and the other half T1 < T2. Thus, once again, showing statistically signifi cant moderation only begins the discussion of its clinical signifi cance. Comparing the effect sizes in the moderated subgroups and their impact on clinical decision-making matters.
Mediator
On the other hand, if M is an event or change occurring after T, that is associated with T, then M1 is not necessarily equal to M 2 , c = 0, but M 0 is not necessarily equal to c, and fi nally, W 1 is not necessarily equal to W 2 . Then it can be seen from the effect size above that portions of the effect size of T on O are associated with the effects of T on M, provided either b 2 Once again, the demonstration of a statistically signifi cant mediator effect does not necessarily connote clinical signifi cance, but the issue of clinical significance of a mediator is much more complex than that of a moderator. The clinical value of a mediator is in the suggestion it carries that modifying T1, where T1 > T2, to have a greater effect on M would improve the effect size of T1 versus T2 on O. But that is not necessarily so.
For example, if compliance is shown to be a mediator of T on O, including a component in a modifi ed T1, say T1 * , that produces even greater compliance, may or may not result in an effect size of T1 * versus T2 on O larger than that of T1 versus T2. Thus, the clinical signifi cance of a mediator depends on whether in future RCTs those mediatorsuggested modifi cations in T1 improve the effect size of T1 relative to T2.
MODERATORS AND MEDIATORS: IMPLEMENTATION OF STUDIES
Once there is theoretical rationale and empirical justifi cation for proposing a moderator or mediator of some choice of treatment on a specifi ed outcome, it is easy enough to design a study to test that hypothesis using standard methods.
Testing a Moderator Hypothesis
If one proposed that gender moderates the effect of T (T1 versus T2) on a outcome O, for example, one would stratify the population by gender to have approximately equal numbers of males and females (particularly in the study of disorders such as schizophrenia where the majority of patients would be male, or depression where the majority would be female), and a total number of subjects for adequate power to detect any clinically signifi cant interaction effect. Almost inevitably, such a study would be logistically more diffi cult, time-consuming, and costly than any standard RCT that ignored moderators. For this reason, it is important to have strong theoretical rationale and empirical justifi cation for a moderator before attempting to propose or design a study to test a moderator hypothesis.
Testing a Mediator Hypothesis for Clinical Signifi cance
Because a mediator is of clinical importance only if it can be used to improve the effectiveness of treatment, to demonstrate a clinically signifi cant mediator, one might design a new RCT, in which patients are randomly assigned to T1, the original preferred treatment to T2, and to T1 * , which would be T1 augmented by components designed to change Me in the direction of improving O. The goal would be to show that T1 * > T1. Generally, the effect sizes indicating clinical signifi cance between T1 * and T1 would now be relatively small, and such a study, for adequate power, It is important to have strong theoretical rationale and empirical justifi cation for a moderator before attempting to propose or design a study to test a moderator hypothesis.
would require a much larger sample size than would a standard RCT comparing two different treatments. However, if T1 has a moderate effect size compared to T2, T1 * may have a large effect size compared with T2. Once again, strong theoretical rationale and empirical justifi cation is necessary both to proposing and to designing a study to test a mediator hypothesis.
Detecting Moderators and Mediators: Exploratory Data Analysis
Where does the empirical justifi cation necessary to propose and design a study to test a mediator/moderator hypothesis come from? Such empirical justifi cation comes primarily from exploratory (hypothesis-generating) studies, secondary data analyses, following earlier RCTs, combined with theory, clinical observations, and results from basic science studies. Such exploratory studies are diffi cult to get funded and even more diffi cult to publish, often derisively called "fi shing expeditions" by reviewers. Because of this, it is common that the fi ndings of an exploratory study are presented in the research literature as if they were hypothesis-testing. Because the purpose of exploratory studies is to generate hypotheses, not conclusions, such studies are very likely to proliferate false-positive results. Consequently, inappropriately presented, they can impede scientifi c progress and increase the appearance of nonreplicable results in the research literature. Appropriately done, they can foster scientifi c and clinical progress, generating more powerful hypotheses for future RCTs and better designed studies to test those hypotheses.
Ideally, such exploratory studies are done post hoc, as secondary analyses, on completed RCTs testing other hypotheses. The costs of such exploratory studies then are minimal, related simply to the time and costs of additional data analyses.
COSTS AND RISKS OF IGNORING MODERATORS AND MEDIATORS Moderators
Researchers and reviewers, on some level, have long been aware of the problems of ignoring moderators of treatment in a RCT. It is, for example, quite common that reviewers will ask how researchers proposing a RCT will "control for" or "adjust for" gender, age, ethnicity, educational level, severity, previous medical history or treatment, various genes, various measures of brain structure or function, etc., even in absence of empirical evidence that any of these baseline variables are likely to impact the outcome. This is problematic, for either "controlling for" such factors by oversampling certain subgroups in the population, or "adjusting for" such factors by inclusion as independent variables in linear models without consideration of interactions (eg, Analysis of Covariance), when the focus of interest is the overall effect of treatment in the population, can result in loss of power for testing, and in loss of precision for estimating that overall effect size. When some of the factors to be "controlled for," or "adjusted for," are in fact moderators, but interactions are ignored, particularly when those factors are associated with each other (multicollinearity) or interact with each other in their effect on the outcome, either "controlling for" or "adjusting for" such factors may not only cost power and precision, but may bias the estimation of the overall effect size. Such loss of power and precision is often incurred while simultaneously incurring additional logistic diffi culty and cost to the study.
Here are two examples. First, there is growing recognition of the importance of multisite RCTs, where the sample is stratifi ed by site, and subjects within each site are randomly assigned to T1 and T2, with the same protocol followed at all sites. In many cases, multisite RCTs are the only way to generate adequate power for testing, and precision for estimating, the overall effect size. More importantly, in all cases, multi-site RCTs are the only way to test the generalizability of results over sites (ie, whether site moderates the effect of treatment on outcome).
It is almost inevitable that site is a nonspecifi c predictor of outcome, 37 and it sometimes happens, despite efforts to ensure fi delity to the same protocols at all sites, that site is a moderator of outcome 38 (ie, that the T1 versus T2 effect size may differ from one site to another). Not only are the samples satisfying inclusion/exclusion criteria at the different sites not necessarily from exactly the same population (eg, differing in ethnicity, socioeconomic status), but the staffs that deliver the treatments and assess the outcomes are different from one site to another. Consequently, in a multisite RCT, there is always rationale and justifi cation to support the hypothesis that site moderates the effect of treatment on outcome. Nevertheless, many multi-site RCTs ignore site in their analyses, which may lead to false conclusions. 36, 39 The second problem deals with un-
It is almost inevitable that
site is a nonspecifi c predictor of outcome.
derrepresented populations (women, minority ethnic groups) in RCTs. In proposals for RCTs submitted to the National Institutes of Health (NIH), there is a requirement that women and minorities be included. Since conclusions from most RCTs are likely to be applied by clinicians to women and minorities, this makes both scientifi c and political sense. Moreover, any sample from the site population that does not include women and minorities in the proportion they exist in that site's population is necessarily a biased sample. If gender and/or ethnicity moderate the effects of treatment on outcome, the results of such a biased RCT are also likely to be biased. Thus, removing any barriers to the participation of women and minorities makes scientifi c and political sense.
However, when RCTs are done at sites where there are few African-Americans, or Hispanic-Americans, etc., researchers are encouraged to oversample the least represented ethnic subgroups in their site population or to "enrich" their sample by recruitment of minority groups from other sources. To do so biases the sample relative to the local population. In absence of any moderating effects of gender and ethnicity, this merely means extra effort and cost, for the estimate of the overall effect size will remain unbiased. However, if gender and/or ethnicity moderate the effects of treatment on outcome, the extra effort and cost may result in biased tests and estimates of the overall treatment effect, and the overall treatment effect, biased or not, is likely to mislead clinical decision making for the minority groups. It would be preferable to require representative samples, including minority groups to the extent they exist in the population sampled, in initial RCTs. Then secondary data analysis would be done to investigate the possibility that ethnicity or gender moderates treatment effects. If no such indication is found, that would raise no question. If such indication were found, subsequent RCTs would be need to be done at sites with adequate representation of those minorities, and would stratify by ethnicity/gender to have adequate sample sizes in each stratum to test the moderator effects.
Mediators
To propose protocols for T1 and T2 in a RCT requires both a theoretical basis and, more important, empirical justifi cation. Unsupported theory alone is a poor basis for a hypothesized difference between any two treatments. However, it frequently happens that we can show that T1 > T2 in some population without knowing exactly how or why this happens (mediators). For example, it was known for many years that aspirin (and long before that, willow bark) reduced pain, but the fact that the mediator of aspirin in its effect on pain involved inhibition of hormoneproducing enzymes became known only around 1970. The absence of focus on mediators of treatments does not, as does the absence of focus on moderators of treatment, mislead research and the effects of research on clinical decision making. Absence of focus on mediators of treatment misleads and slows the development of more effective treatments.
CONCLUSION
To summarize the situation: RCT methodology, to date, has focused on avoiding false-positive results, and, when the RCT "rules" are followed, RCTs are quite successful in doing so. However, the current problems with RCTs lie, not so much in false-positive results, but in false-negative results. Two major factors that, when ignored, can lead to false-negative results are moderators of treatment on outcome (baseline variables that identify subgroups with different effect sizes of treatment on outcome) and mediators of treatment on outcome (events or changes that occur during treatment that help explain the how or why of effect sizes).
In absence of a strong rationale for hypothesizing a moderator or mediator, the best RCT design is a large simple RCT that would focus on the overall effect size. Exploratory studies done on that RCT's dataset after the a priori hypotheses were tested and the results reported, would then be used fi rst to explore the possibility of moderators, and then, within moderated subgroups if any, the possibility of mediators. If then, moderators and mediators with theoretical rationale and empirical justifi cation are found, subsequent RCTs would focus on documenting and elaborating their use in clinical decision-making.
It is important to note that subgroup analysis, as has usually been conducted, is not the same as a moderator analysis. In exploratory subgroup analysis, what typically is done is to stratify the sample, say separating men and women, and to test the treatment effect separately in the two strata. Then if the treatment effect is statistically signifi cant among men, but not among women, this is often taken to mean that T1 > T2 for men but T1 = T2 for women. However, a statistically signifi cant treatment effect for men may not mean that T1 > T2, and a nonstatistically signifi cant treatment effect for women may occur even if T1 > T2. In fact, it may be that the effect size for women is larger than that for men, but that the sample size for women was much smaller than that for men, leading to results such as these. It is important that the effect sizes be compared between the groups, not P values examined separately for each group.
Moreover, estimation error of the effect sizes must be taken into account. The effect sizes for men and women may appear quite different, but if one or the other or both are based on small sample sizes, their precision is poor and the appearance of a difference may be misleading. It is important to test whether effect sizes signifi cantly differ (interaction in a linear model), and only if they differ signifi cantly, to consider whether the differences are such that would lead to different clinical recommendations either for targeting (moderators), or tailoring (mediators) the treatments. To date, subgroup analyses are all too common, and moderator analyses done more rarely.
In this review we have focused on the comparison between two treatments. Yet RCTs often involve randomization to more than two treatments: T1, T2, T3, etc. However, the baseline factors that moderate/mediate the effect of T1 versus T2 on outcome may be different from the baseline factors that moderate/ mediate the effect of T1 versus T3, or the effect of T2 versus T3 on the same outcome. Thus in RCTs moderators/ mediators should always be investigated between pairs of treatments.
We have focused only on one analytic approach: the multiple linear regression model. There are other statistical approaches depending on the type of outcome (eg, multiple logistic analysis for binary outcomes, Cox Proportional Hazard Model for survival, etc.). There are also nonparametric approaches for the simpler situations, such as binary moderators/mediators, or those with a very limited number of categories (ordered or nonordered). 33 Nevertheless, the state of analytic methods to be used for moderator/mediator analyses is yet in its infancy.
We have also focused on a single primary outcome. When there are multiple outcomes in a RCT, it will often be found that different factors moderate/mediate the effect of treatment on different outcomes. Selecting one primary outcome has long been a recommendation for RCTs, a primary outcome on which the ultimate recommendation for T1 versus T2 would be based. When there are multiple primary outcomes, without adjustment for multiple testing, there is a proliferation of false positives. When there is appropriate adjustment for multiple testing, power is sacrifi ced, and, without an increase in sample size, there is a proliferation of false negatives. If the sample size is increased to compensate for the loss of power associated with adjustment for multiple testing, it frequently happens that for some outcomes T1 > T2 and other outcomes T1 < T2. Then in absence of attention to the relative clinical impacts of those multiple outcomes occurring in the same patient, and to the frequency of such co-occurrences, results of RCTs become uninterpretable for clinical decision-making. Thus, attention to moderators/mediators only adds further emphasis to the recommendation for a single primary outcome measure in a RCT, preferably one that integrates all the benefi ts or harms individual patients might experience that are clinically essential to the choice between using T1 or T2.
In short, RCT methodology still has a way to go to be completely satisfactory as a basis of clinical decisionmaking, and probably always will, but many of its problems have already been recognized and are being dealt with, and other problems, such as moderators/mediators are being recognized to be dealt with in future RCTs.
